Vehicle-following operation is a typical scenario in the future intelligent transportation environment. Keeping a safe distance is the most important goal in the vehicle-following scenario. For a plug-in hybrid electric bus (PHEB) running in a specific urban route, the challenge will become how to realize the optimal power split in hybrid powertrain under the premise of maintaining driving safety. Considering the above issues, this paper proposes a stochastic model predictive control (SMPC) strategy for PHEBs during vehicle-following scenario. Firstly, Markov chain-based stochastic driving model is built using real-world bus driving condition data, which is applied to predict future demand torque over a finite receding horizon. And then, a sequential quadratic programming (SQP) algorithm is adopted to solve the rolling optimization problem. Meanwhile, brake specific fuel consumption and electric motor efficiency are fitted offline to match the SMPC strategy. Furthermore, a piecewise function is given to adjust the adaptive factor that balancing fuel economy and vehicle-following in the pre-set cost function. Finally, to verify the control performance of the proposed strategy, a nonlinear model predictive control strategy with dynamic programming optimization (DP-MPC) and a rule-based (RB) strategy are employed for comparison study. Results indicate that the proposed strategy is effectiveness to the given driving condition with excellent fuel economy and vehicle-following performance. Under the driving condition of Chongqing 303 bus line in China and China typical, the fuel consumption is reduced by 20.58% and 37.89% compared with RB strategy, respectively. It is closer to the fuel consumption reduction of 16.77% and 13.11 optimized by DP-MPC. Driving safety during vehicle-following also be demonstrated in the driving condition of Chongqing 303 bus line and China typical.
I. INTRODUCTION
With the rapid development of automobile industry, energy and environment issues are getting worse, which pushes government and carmakers to give attention to energy-saving and environmentally friendly vehicles [1] . Plug-in hybrid electric vehicles (PHEV) provide large potential in reducing fuel consumption and pollutant emission [2] . PHEV could run in The associate editor coordinating the review of this manuscript and approving it for publication was Xiaowei Zhao. a variety of operating modes including engine driving mode, electric motor (EM) driving mode, hybrid driving mode, engine active charging mode and regenerative braking mode. It could adjust engine working points in high-efficiency area easily [3] . The vehicle control strategy also called as energy management strategy, which can steer PHEV and run different operating modes in various conditions to save fuel consumption and achieve excellent fuel economy [4] , [5] .
Many literatures have given a deep insight on control strategy design for PHEV. The global optimization energy VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ management strategy was put forward for the first time because of the best optimization results [6] . Liu et al. applied dynamic programming (DP) algorithm to the hybrid trip mode issues and results indicated fuel consumption decreased [7] . Other than DP algorithm, Murgovski et al. used convex optimization techniques to solve Pontryagin's maximum principle and achieved good performance [8] . However, there is an unavoidable problem with the global optimization energy management strategy. Whole driving condition information must be obtained in advance. It's difficult to implement in real-time driving condition. Also, the tremendous computing load for solving DP algorithm is also a disturbing issue.
Hence, researchers turn their interest to the instantaneous optimization energy management strategy [9] . Sezer et al. proposed a novel equivalent consumption minimization strategy (ECMS) algorithm for PHEV, and that could provide the power demand of engine-generator set. The results gave support to the fuel economy was significantly better than that of conventional vehicle [10] . To improve the control performance, Park et al. employed the genetic algorithm to optimize the equivalent factors, and that method furtherly improved the fuel economy of PHEV [11] . Tate et al. used stochastic dynamic programming (SDP) to address the minimization of a weighted sum of fuel consumption for HEV and effect was remarkable [12] .
In recent years, some novel control algorithms are proposed for energy management issues of PHEV [13] , [14] . Dextreit et al. applied game theory to energy management system and good fuel economy performance was achieved [15] . Liu et al. designed a novel energy management strategy based on velocity prediction and reinforcement, and the results demonstrated the feasibility of reducing fuel consumption [16] . Zhang et al. employed model predictive control (MPC) method to calculate the optimal power distribution, which proved the fuel economy improvement in simulation environment [17] . Among the above all control methods, MPC shows excellent optimization performance and many scholars are attracted to focus on that [18] , [19] . But, the predictive model of MPC adopted definite nonlinear function, and information obtained from predictive model can't real-time reflect traffic flows. Stochastic model predictive control (SMPC) using Markov model as predictive model. That is related to traffic flows. Yang et al. modeled stochastic driving behaviors combined with a large number of real-world driving condition. [20] . Besides, at the rush hour of urban driving condition, traffic flows will become heavy and roads become crowded. Running in that crowded driving condition, PHEB and its driver would be forced to do the start /stop or following the vehicles ahead actions [21] , [22] . The vehicle-following scenario might become common in urban driving condition, which will lead to driver fatigue and even the rear-end collision. Considering the trend of intelligence and net-connection in automobile industry, energy management issues for plug-in hybrid electric bus (PHEB) during vehicle-following have been studied by many researchers [23] - [25] . Hu et al. proposed a look-ahead framework to maximize fuel economy in intelligent transportation, which achieved the desired effect [26] . Morteza developed a predictive optimized control strategy based on traffic condition. Simulation results indicated fuel consumption and emissions are reduced [27] . Li et al. also put forward a novel control algorithm to minimize fuel consumption during vehicle-following [28] . The driving condition information is transmitted via vehicle-to-vehicle/vehicle-to-infrastructure (V2V/V2I) in real-time [29] , [30] . Hence, how to reduce fuel consumption during the vehicle-following scenario is a hot spot and deserves to be studied.
From what has been discussed above, the paper proposes an adaptive SMPC-based energy management strategy for PHEB during vehicle-following scenario. The contributions of this work are that fuel economy and driving safety are taken into account simultaneously. The driving safety index is discussed in vehicle-following index. The contributions are summarized as follows. Firstly, Markov chain-based stochastic driving model built by Chongqing 303 bus line driving condition is applied to predict demand torque over a finite receding horizon. The predictive results are related to traffic flows in real world. Secondly, rolling optimization adopts sequential quadratic programming (SQP) algorithm, the proposed method is simplified to SQP-SMPC in the following paper. Thirdly, an adaptive factor balancing fuel economy and vehicle-following is proposed in cost function.
The rest paper is organized as follows. The PHEB models during vehicle-following are given in Section 2; An adaptive SMPC-based energy management strategy is proposed for PHEB during vehicle-following in Section 3; In Section 4, results under the driving condition are analyzed, which is also compared with the traditional MPC with DP optimization and rule-based strategy; Finally, conclusions are given in Section 5.
II. SYSTEM MODELING
In this section, vehicle-following dynamics and hybrid powertrain model are proposed to describe the dynamic characteristics of PHEB during vehicle-following scenario. The detailed models are given in the following sub-sections.
A. VEHICLE-FOLLOWING LONGITUDINAL DYNAMICS
The longitudinal dynamics is the most important part to reflect energy consumption for PHEB. Without considering the driving stability and lateral dynamics, the longitudinal dynamics during vehicle-following scenario could be modeled as follows.
where T w is the demand torque, m is vehicle mass, f r is rolling resistance coefficient and θ is road grade, C D is air resistance coefficient, ρ d is air density, A is frontal area of vehicles, and r w is wheel radius, v h is host vehicle velocity, g is gravitational acceleration. The relationship of the torque and velocity in the studied parallel hybrid powertrain is given as follows.
where η T is transmission efficiency, i AMT is gear ratios of automated mechanical transmission (AMT), i f is final drive, T b is braking torque acting on the wheel, T e is engine torque, T EM is EM torque, ω w is wheel speed, ω e is engine speed, ω EM is EM speed. Due to the complex urban traffic condition, PHEB operation needs frequent start-stop, which will easily cause rearend collision and other accidents. In the scenario, maintaining a proper distance between preceding and host vehicles is also an important issue for the control system design. The scheme of vehicle-following is shown in Fig.1 . The actual inter-vehicle distance can be set as follows.
where L(k) is actual inter-vehicle distance. v p is preceding vehicle velocity, N is step in predictive horizon. The braking distance can be estimated as follows.
where t h is constant headway time that including delay time of braking system and driving response time, a Brk is braking acceleration.
The inter-vehicle distance is limited in the driving safe range. Considering the braking performance, the minimum inter-vehicle distance is set as follows.
where α 1 , α 2 and α 3 are constant. The maximum inter-vehicle distance is relevant to preceding vehicle velocity and its form is similar to the minimum inter-vehicle distance. It is defined as follows.
where β 1 , β 2 and β 3 are constant.
In the driving safe distance, the optimal inter-vehicle distance is extracted, which is used to define the following cost function. where L sup opt and L inf opt are the upper boundary and lower boundary of optimal inter-vehicle distance, respectively. γ is adjustment coefficient.
The parameters of vehicle-following in the section are list in table 1.
B. HYBRID POWERTRAIN MODEL
A single-shaft parallel hybrid powertrain model equipped with an AMT is shown in Fig.2 . Engine and EM could drive PHEB alone or in combination via the disengagement and engagement actions of clutch. Besides, AMT could adjust operation points for engine and EM via changing transmission ratio. In this configuration, the PHEB modeling could operate under five modes: engine driving mode, EM driving mode, hybrid driving mode, engine charging mode, regenerative braking mode. The energy management strategy could switch five modes freely along the whole driving condition. The main key parameters of PHEB are list in table 2.
1) ENGINE MODEL
The engine is a highly complex system, so the transient characteristics of all parts are also complex. However, the controloriented study focus is the characteristics of fuel consumption but not the dynamics. The fuel consumption per unit time Q g can be expressed as follows.
where b e and ρ g are the brake specific fuel consumption (BSFC) and the fuel density, respectively. The fuel consumption contour map is shown in Fig.3 . 
2) EM MODEL
EM is necessary for developing energy management strategy. It can work as a motor to provide driving force and as a generator to recover energy, and the power calculation model can be expressed as follows.
where P EM is EM power, η EM is EM efficiency. The EM efficiency map is shown in Fig.4 .
3) BATTERY MODEL
Battery is the key component and as one power source of PHEB. Many researchers have conducted the battery model. Here, the impact of temperature change and battery aging are not the considered, so a simplified battery model is adopted. The variation of state of charge (SOC) can be written as follows.
where U oc is open circuit voltage, R bat is equivalent internal resistance, Q bat is battery capacity and P bat is battery power, respectively. The relationship between open-circuit voltage, charging resistance, discharging resistance and SOC are shown in Fig.5 .
III. ADAPTIVE SMPC-BASED ENERGY MANAGEMENT STRATEGY FOR PHEB DURING VEHICLE-FOLLOWING
Considering the PHEB during vehicle-following, the key point is that improving fuel economy and maintaining driving safety. Hence, the fuel economy issue and driving safety issue are two main parts need to be optimized simultaneously. To solve the above issues, an adaptive SMPC-based energy management strategy is proposed for PHEB during vehicle-following. The proposed energy management strategy is shown in Fig.6 in which including two parts: offline modeling and online optimization. The offline modeling contains Markov-based stochastic driving modeling (Markov chain model for short) and the pre-fitting that BSFC and EM efficiency. The process of corresponding online optimization part is that Markov chain model is used to predict demand torque over a finite receding horizon, and the SQP algorithm is adopted to optimize the comprehensive cost function that includes a novel adaptive factor.
A. MARKOV-BASED STOCHASTIC DRIVING MODEL
Due to the repeatability of city bus line and the similarity of the driving conditions, the Markov chain model is more suitable for the problem, so the statistics of driving behavior could be available according to the historical data. Here, the Markov chain model is built via driving condition of Chongqing 303 bus line, and the corresponding actual bus line is given in Fig.7 . The Markov chain model serve as the predictive model to predict demand torque over a finite receding horizon instead of nonlinear predictive model. Hence, the introduction of Markov chain model could be closer to real condition. The Markov chain model is modeled as following steps: Setp1: Chose driving condition of Chongqing 303 bus line. Based on vehicle dynamic formula, current velocity could convert into current demand torque.
Step 2: The vehicle velocity and demand torque are discrete between corresponding maximum and minimum value. The discrete value is smaller, the result is more accurate, it also brings computing loads. Then appropriate discrete value should be selected. Here, the vehicle velocity and demand torque are separated into 11 and 33.
v ∈ v 1 , v 2 , . . . , v n , n = 11
Using the maximum approximation principle, the one-step transition probability of demand torque can be obtained by data statistics.
Step3: Markov chain model is established under every discrete vehicle velocity, and four examples of Markov chain model in different velocity are shown in Fig.8 . The corresponding relationship between the label in Fig.8 and the real demand torque is 50 times. The Markov chain model predicts five steps, similarly, the next x-step over a finite receding horizon are also obtained by means of the corresponding Markov chain model. Utilizing x-step Markov chain model, current demand torque could predict next x-step demand torque. The Markov model transition probability is only related to the current moment and not the past moment.
At the current velocity and current demand torque, the transition probability of next x-step demand torque over a finite receding horizon could be expressed as follows. where T w,k , T w,k+p are demand torque in time k and k + p.
In the process of data statistics, different data rounding or discrete accuracy, which leading to demand torque boundary values (such as maximum or minimum value) only once, i.e. m il = 0, and at this point, assume that transition probability is set as 1.
where m il,j is the number of the demand torque transfers from T w,k to T w,k+p in current velocity v l . m il is the total number of demand torque transfers in current velocity v l .
B. ADAPTIVE SMPC-BASED ENERGY MANAGEMENT STRATEGY
The adaptive SMPC is on the basis of the derivation of traditional MPC, so the fundamental principle of adaptive SMPC is similar to that. They both need to obtain optimal control sequence from rolling optimization section via predictive model over a finite receding horizon, and same the feedback. The predictive model selects Markov chain model, and the rolling optimization section adopts SQP algorithm to solve the optimal problem during vehicle-following. The comprehensive index with adaptive factor is proposed in the section. Due to the fuel economy issue and driving safety issue are the two main parts need to considered, so fuel economy index and vehicle-following index are given in the following.
1) FUEL ECONOMY INDEX
In order to minimize fuel consumption, fuel economy index is set for engine and EM. The electricity consumption is equivalent into the fuel consumption via a weighting factor. The battery charge and discharge are related to EM. Hence, the cost function is defined as follows.
where the u(k) is control input, λ is weighting factor andṁ f is fuel mass flow rate.
2) VEHICLE-FOLLOWING INDEX
Since the study of fuel economy optimizing is in vehiclefollowing scenario, the vehicle-following issue should be considered. The optimization objective also needs to think about the driving safety, so the vehicle-following cost function is defined as follows.
The L can't be less than minimum distance, so some restrictions are introduced to the vehicle-following index to prevent rear-end collision. The restrictions of L are divided into five situations [31] .
When the actual inter-vehicle distance is smaller than L min (k), the cost function of L is set to infinity to stay away from this situation, and driving safety is guaranteed.
When the actual inter-vehicle distance is between L min (k) and L inf opt (k), the cost function of L is set as follows.
When the actual inter-vehicle distance is between L inf opt (k) and L sup opt (k), the cost function of L is set as follows.
When the actual inter-vehicle distance is between L sup opt (k) and L max (k), the cost function of L is set as follows.
When the actual inter-vehicle distance is larger than L(k) max , it is expected that L reaches the safe range. The cost function of L is set as follows.
where g 1 , g 2 and g 3 are the constant.
During the vehicle following process, the relative velocity and relative acceleration also impact on vehicle-following index. Here, the related cost function is defined as a quadratic form.
J
where the h 1 and h 2 are constant. v and a are relative velocity and relative acceleration. Finally, the vehicle jerk is also an important parameter in the vehicle-following process. It could impact driving comfort, and the cost function of vehicle jerk is restricted as follows.
where f 1 is constant. Vehicle body vibration is inevitable during driving process, when jerk is less than 2m/s 3 , the corresponding cost function item is set zero.
3) COMPREHENSIVE INDEX WITH ADAPTIVE FACTOR
Considering the above issues, the comprehensive cost function is defined as follows.
where ϕ is weighting factor that is adaptively changing. That is described in (24)
The physical constraints are set as follows. 
where the subscript min and max refer to minimum and maximum value of the corresponding parameters.
C. SQP SOLUTION
In the paper, the SQP algorithm is adopted to solve the nonlinear programming problem, whose basic idea is in the following. In each iteration step, a downward direction is established by means of solving a quadratic programming problem, which could reduce the value function to obtain the step size. Then, these steps are repeated, until the solution to the original problem is get.
At a given point (n 0 , µ 0 , λ 0 ) ∈ R n × R l × R m , symmetric positive definite matrix B 0 ∈ R n×n .
where ∇h(·) and ∇g(·) are cost function constraints that obtained by Taylor's formula expansion at the iterative point n 0 .
Then, parameters selection η ∈ (0, 1 2), ρ ∈ (0, 1), allowable error 0 ≤ ε 1 , ε 2 1.k = 0. For the optimal solution d k , nonlinear programming problem is transformed into quadratic programming problem in the following form. Here, the comprehensive cost function (24) is regarded as a nonlinear programming problem. It is optimized by SQP algorithm.
where ∇f (·) is quadratic form of comprehensive cost function, h(·) and g(·) represent the constraints. If d k 1 ≤ ε 1 , and h k 1 + g k_ 1 ≤ ε 2 , an approximate point to the original problem can be get (n k , µ k , λ k ).
The form (28) needs to know the BSFC and EM efficiency in advance. It can be approximately calculated by the following function.
where a 0 , a 1 , a 2 , b 1 , c 0 , c 1 , c 2 and d 1 are constants. According to the fitting functions (29) and (30), the corresponding fitting figures are shown as follows.
Then, value function φ(x, σ ) and penalty function σ k are selected, so that d k is the decreasing direction of the function at x k .
The armijo search is get in this step. The m k is the smallest non-negative integer that makes the following inequality true.
where α k = ρ mk , n k+1 = n k + α k d k .
If A k row full rank, then calculate the following equation and the least squares factor.
If the row full rank condition is not met, the matrix (31) is written as follows.
Symmetric positive definite matrix B k is correctted by the following BFGS method. where s k = α k d k , z k = θ k y k + (1 − θ k )B k s k . The parameters in z k are set as follows.
where La(n, µ, λ) is the lagrangian function that can be defined as follows.
The parameters in SQP algorithm are list in table 3.
IV. SIMULATION RESULTES AND DISCUSSION
To evaluate the effect and fuel-saving potential of the proposed adaptive SMPC energy management strategy during vehicle-following, some simulation works are carried out in the section. Based on the research object of PHEB, driving condition of Chongqing 303 bus line and China typical are chosen as test driving condition for preceding vehicle. At last, the proposed energy management strategy is compared with a nonlinear MPC strategy with dynamic programming optimization (DP-MPC) strategy and RB strategy. The DP-MPC and rule-based (RB) strategy need to know driving cycle information in advance during optimization.
A. INITIAL PARAMETERS
The PHEB model is run in MATLAB/SIMULINK, and the parameters of cost function are list in table 4. Chongqing 303 bus line driving condition lasts 3638s, where the maximum velocity is around 50km/h. China typical driving condition lasts 1315s, in addition, it has many segments with a velocity of zero. Finally, the road gradient is assumed as 0.01.
B. RESULTS ANALYSIS
The simulation results in Chongqing 303 bus line driving condition for preceding vehicle of the proposed energy management strategy are shown in Fig.11 . Fig.11(a) shows velocity of preceding and host vehicle, Fig.11(b) and Fig.11(c) show engine torque and EM torque, which can reflect the excellent control performance of proposed energy management strategy. EM drive the vehicle in low velocity, which could avoid engine working in low-efficiency. Besides, the engine torque within the bounds of 500Nm and 700Nm. That's the engine high-efficiency area. In Fig.11(d) , the inter-vehicle distance and corresponding to maximum and minimum value are depicted. It's relevant to longitudinal velocity. The vehicles are in low velocity within 1000s, so the corresponding intervehicle distance is also short. Also, the actual inter-vehicle distance is in maximum and minimum inter-vehicle distance, which indicates the host vehicle is in safe. Fig.12 shows the simulation result of adaptive SMPC in China typical driving condition for preceding vehicle. The driving condition is different from Chongqing 303 bus line driving condition. It has many segments with a velocity of zero. At this time, the host vehicle must emergency braking. Fig.12(d) depicts the actual inter-vehicle distance is in the safe range, which indicates the braking performance of proposed energy management strategy could meet the emergency braking requirements.
Bus is the study object in this paper, so Chongqing 303 bus line driving condition is selected to study furtherly in the following. The operation points of engine are shown in Fig.13 . As seen from Fig.13 , most of engine working points are controlled within the high efficiency area, which demonstrates the excellent torque distribution performance of the proposed energy management strategy. Fig.14 shows the jerk of host vehicle, which is restricted in a range of −15m/s 3 to +20m/s 3 . In the range, the passengers could have a high level of comfort. In fact, the process of gear shifting bring the change of transmission ratio and demand torque acutely, so the jerk of host vehicle cause by gear shifting is inevitable. Gear position of host vehicle is shown in Fig.15 .
The proposed energy management strategy is compared with DP-MPC strategy and RB strategy in two test driving conditions, and the results are list in table 5 that including fuel consumption (FC), electricity consumption (EC), Final SOC, the improvement of fuel economy, and minimum intervehicle distance (MID). Then, the RB strategy is employed as baseline, the fuel economy improvement of the SQP-SMPC strategy and the DP-MPC strategy are 20.58% and 16.77% in Chongqing 303 bus line driving condition. In China typical driving condition, the fuel economy improvement of SQP-SMPC strategy and DP-MPC strategy are 37.89% and 13.11%. It can be found that the result of SQP-SMPC exceeds DP-MPC, that is due to the introduction of stochastic driving model. It's closer to traffic flows and demonstrates the large fuel-saving potential of proposed energy management strategy. However, the electricity consumption is more than DP-MPC, that is because PHEB runs in low velocity during vehicle-following. At this time, EM driving vehicle alone. Finally, MFDs in two driving conditions are within the acceptable range, which indicates the driving safety is met during vehicle-following.
SOC is an important role in energy management strategy, SOC curves under three energy management strategies in Chongqing 303 bus line driving condition are described in Fig.16 . To ensure the safety of power battery, the upper and lower limits are set as 0.8 and 0.3. DP-MPC can distribute electricity and fuel reasonably along the whole driving condition, and optimal SOC trajectory could be get over a finite receding horizon. RB strategy depletes electricity around 3000s and similar with SQP-SMPC. That's because the stochastic driving characteristics are modeled in SMPC strategy for PHEB during a vehicle-following scenario, which could reflect the dynamic changes in practical driving condition. The considered stochastic driving characteristics in SMPC could improve the adaptability of PHEB, which is the key point in our paper. Meanwhile, the fuel economy of PHEB also could get a certain promotion. Therefore, in the given result shown in Figure 16 , without consideration of stochastic driving characteristics, the SOC curve using proposed DP-MPC shows more effective than that using proposed strategy.
V. CONCLUSION
In this paper, an adaptive SMPC strategy for PHEB during vehicle-following scenario is presented. Markov chain model, which is built by using driving condition data of Chongqing 303 bus line, is employed to predict future demand torque. To optimize the torque split in parallel hybrid powertrain, the SQP algorithm is introduced to the finite receding horizon. Meanwhile, to match SQP optimization with SMPC procedure, engine BSFC and EM efficiency are fitted offline. Besides, the adaptive factor in cost function between fuel economy index and vehicle-following index is adjusted by a given piecewise function, and its value is adjusted based on account of different traffic flows information. Finally, take RB strategy as the benchmark, results show that fuel consumption reduced by 20.58% and 37.89% under driving condition of Chongqing 303 bus line in China and China typical. It is closer to the fuel consumption reduction of 16.77% and 13.11 optimized by DP-MPC. Fig.11(d) and Fig.12(d) also prove the driving safety during vehicle-following in test driving conditions for preceding vehicle. She is currently a Research Associate with the Department of Automotive Engineering, Tsinghua University. Her research interests include vehicle dynamics and control, and vehicle powertrain modeling and control. VOLUME 8, 2020 
